Literature and practice reveal that most marketing related questionnaires measuring consumer preferences rely on some kind of conjoint analysis. Recent studies show the analytic hierarchy process to be suitable for this task, too. This paper gives a comparison of the approaches and the results of former studies. Because we found considerable differences in those results, an additional study has been performed being designed such that it has potential for explaining these differences. As we found respective explanations, we finally derive general guidelines on the selection of conjoint analysis and analytic hierarchy process depending on the complexity of the problem situation and the previous knowledge respondents have in preference measurement.
Introduction
Preference measurement is needed to design new products or adopt existing goods to the customers' needs at reasonable costs. Several methods are known in science and practice to survey preferences of customers, while most practical and theoretical applications in marketing use the conjoint analysis.
The conjoint analysis (CA) is a decompositional method measuring preferences on complete stimuli (alternatives) described by several attribute-levels of at least two attributes. The overall evaluations on these alternatives are then decomposed into part-worths of the respective attribute-levels. The total utility of a product is computed as the sum of the part-worths of the respective attribute-levels.
Another applicable method is the analytic hierarchy process (AHP) which is a common method in decision analysis with a wide range of applications 1 but rarely used in marketing. AHP was designed as a method supporting a decision maker in selecting a utility maximizing alternative from a set of feasible alternatives. This is done by dividing the decision problem into a hierarchy of several goals and alternatives. AHP asks for the weights of the attributes and utility values of the attributelevels in a compositional manner.
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CA and AHP both fulfill the requirements for measuring preferences but a comparison on both methods concerning the quality of the results is needed to select the method that fits best for a specified design problem.
Former research on the comparison of CA and AHP states contradicting findings on the applicability of both methods and the quality of the results they obtain. Tscheulin (1991 Tscheulin ( , 1992 concludes that CA outperforms AHP for the prediction of choice in an experiment and that they are equally suited to predicting real choices. Mulye (1998) found no relevant differences concerning the quality of the results between both methods in a first study, while slight advantages of AHP were observed in a second one. Finally Helm et al. (2004) came to the conclusion, that AHP performs at least slightly better than CA for several measures used (for more details on former research see Section 4).
The main objective of this paper is to deduce general guidelines for the selection of CA or AHP when measuring customers' preferences. For this purpose factors influ-encing the quality of the results have to be identified and their respective effects have to be measured. This, however, has to be done taking into account that all former studies use quite different design problems and measures to compare AHP and CA: Helm et al. (2004) only interviewed students from advanced courses that should know both methods. Mulye (1998) also interviewed students only. This awareness of the methods might lead to biased results. Tscheulin (1991 Tscheulin ( , 1992 asked nonacademic respondents. To verify if the knowledge of the methods influences the results, we interviewed both groups -advanced students and first year studentsthat just had started studying at the university.
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Also the complexity of the problem (number of attributes and attribute-levels) seem to have an influence on the results of AHP and CA. Mulye (1998) , Scholl et al. (2003) and Helm et al. (2004) assume that the relative power of AHP increases with the complexity. Trying to prove or disprove this assumption, we consider the same variants of AHP and CA as Helm et al. (2004) , i.e. we compare the AHP with an incomplete hierarchy and a Graded-Paired CA, but use a less complex decision problem which consists of evaluating and selecting the individually best mountain bike.
The remainder of the paper is organized as follows: In Section 2 we describe the general approaches of AHP and CA and compare them on a theoretical basis. In Section 3 we present the prearrangements and the structure of our empirical study "mountain bikes" and describe the determined results. Based on the findings of the new study and the former ones, a general framework on the selection of AHP or CA is created in Section 4. Finally, Section 5 gives a brief conclusion and appoints fields of future research.
Conjoint Analysis
The conjoint analysis (CA) has been established in marketing science and practice for more than 30 years. 5 Nowadays, CA is the method which is most often used to measure customer preferences with hundreds of real world applications. 6 Since the 70's, several variants have been developed, but all variants share the common characteristic of asking for preferences on an aggregated level, i.e. respondents evaluate complete alternatives.
Presentation Format
The full-profile presentation format is applied in this study, where the stimuli (alternatives) are described by all relevant attributes and their respective levels.
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This is the form of presentation most often used in CA studies. The evaluation task adopted here consists of rating 8 the stimuli. To avoid information overload and simplification strategies of the respondents we use paired comparisons. Table 1 shows a typical evaluation task within such a graded-paired CA: Pairs of alternatives (e.g. mountain bikes) are compared based on the recognized levels of fulfilling relevant attributes (like weight, type of suspension, colour and type of seat) using a predefined rating scale. 
Experimental Design
Within a first step, the attribute-levels of all attributes are dummy encoded to reduce the number of part-worths to be estimated. For each attribute, one level is defined as a "basic" level (j=1) and is given the binary code "0". For any other attribute-level j>1 a corresponding binary digit gets the value "1" if the level is present. For example when assessing an attribute h with three levels, the basic level 1 receives the code "00", level 2 is defined as "10" and level 3 as "01". An alterative i 5 See Green et al. (2001) . 6 See Wittink et al. (1994) , Voeth (1999) , Green et al. (2001) . 7 Another applicable method is the usage of trade-off matrices that only present two attributes at once. 8 Evaluation tasks can involve ranking or rating of the stimuli. Ranking methods only assess information on the relative preference of an alternative. Rating methods also ask for the strength of distinction between two or more alternatives. As rating methods raise more information in a comparable time, this method is preferred by most market researchers.
can therefore be described by two variables x ih2 and x ih3 for each attribute h that consists of three attribute-levels.
Combining the levels of all attributes systematically defines the set of stimuli to be considered. With the 4 attributes given in Table 1 each having three levels we get a number of 3 4 = 81 stimuli. The resulting number of possible paired comparisons (
) is far too large to be evaluated by any respondent. Therefore, we first reduce the number of stimuli by means of Addelman plans 9 and in a second step decrease the number of paired comparisons using the partially balanced incomplete block design proposed by Green (1974) .
Generation of the Difference Design and Estimation of the Part-Worths
When using paired comparisons one assumes that only the differences in the attribute-levels between the stimuli cause utility differences. Differences in attribute-levels between two stimuli can be described by a so-called difference design.
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This is created by subtracting the binary encodings of the attribute-levels for each pair of stimuli.
The respondent is then asked to rate the utility difference between the two stimuli i and k (see Table 1 ).
In the following step, the differences of the attribute levels (x ihj -x khj ) are used as independent variables, the respondent's evaluations (u ik ) as dependent variables. An OLS regression is used to estimate the part-worths (β hj ) as shown in formula (1), where M h denotes the number of attribute-levels for attribute h=1,…,H.
Within the OLS regression, the part-worths β hj get values such that the sum of the squared unexplained residua ε ik is minimized. The estimated part-worths are then standardized (without loss of generality, we may set 0 std 1 h = β and, thus, assign a zero "reference utility" to the basic alternative having only basic attribute-levels), allowing for the comparison of the values over all attributes and respondents.
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The total utility u i of any alternative i is computed by the sum of the respective standardized part-worths std hj β as shown in equation (2).
9 For details see Addelman (1962) and Helm et al. (2003) . 10 See Hausruckinger/Herker (1992). 11 See Gutsche (1995).
Analytic Hierarchy Process
The analytic hierarchy process (AHP) is a decision supporting method developed by Saaty (1980) that aims at structuring complex decision problems into a hierarchy of objectives consisting of several levels. This method can be used for a broad range of decision problems including selection problems concerning specific alternatives or even design problems 12 for new product development.
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First, all attributes (objectives) have to be organized within a hierarchy. The main objective ("find the best mountain bike") is on the top level of the hierarchy to be defined. It is decomposed into several second level attributes which can be further subdivided such that a tree of attributes is built. The subdivision continues until elementary attributes are identified. Alternatives and attribute-levels, respectively, are set on the lowest level of the hierarchy.
In a complete hierarchy all alternatives are connected to any elementary attribute.
In an incomplete hierarchy not the alternatives but the problem-specific attributelevels are integrated in the hierarchy and connected to the associated elementary attribute. An incomplete hierarchy allows for the estimation of part-worths directly and is favourable for decision problems with many possible combinations of attribute-levels due to a lower task expense. For these reasons it is chosen in this study.
The incomplete hierarchy for the research object "mountain bikes" using the same elementary attributes as in case of CA is presented in Figure 1 . This is a rather simple hierarchy from an AHP point of view as only elementary attributes and their levels are considered. The hierarchy is evaluated by the respondent in a bottom up manner first judging all pairs of attribute-levels associated to one elementary attribute and then judging all pairs of elementary attributes. For an example of a paired comparison see Table  2 .
12 Design problems usually assume that arbitrary combinations of all attribute-levels of all attributes are possible while selection problems refer to a limited number of given alternatives. 13 See Tscheulin (1991 Tscheulin ( , 1992 
For measuring the preference of a respondent for an attribute-level j versus k, a nine-point-scale is used as presented in Table 3 . 14 It transfers the verbal judgments into priority ratios v jk having a value of 1 if the respondent is indifferent between j and k and a value between 2 and 9 if j is judged as being better. 15 Larger values express a stronger preference for j. The reciprocal value of the priority ratio v jk (i.e. v kj = 1/v jk ) shows how much k is preferred over j. These ratios allow the computation of relative utility values u j for an attribute-level j from the relations u j /u k = v jk for the elementary attribute considered. The utility values of all levels for any attribute are normalized to sum 1. Using this procedure for each attribute h, utility values u hj for all levels j of h are determined. The relative weights w h for all elementary attributes associated to the same attribute on a higher level can be computed in an analogous manner. For this purpose the scale of Table 3 is slightly modified expressing importance relations which can be transformed into importance ratios v hk . Relative importance weights are computed from the equation w h /w k = v hk . Following this bottom up procedure the paired comparisons are continued until the top level objective is reached.
Inconsistent answers are common in human judgments. In order to measure these inconsistencies and reduce them to an acceptable degree, Saaty (1980) proposes the computation of the largest eigenvalue λ max for the matrix of priority ratios v hk and v jk , respectively. In case that λ max is larger than the dimension n of the matrix, the judgments are inconsistent. This means that no unique set of relative weights and utilities, respectively, fulfilling all equations (w h /w k = v hk and u j /u k = v jk , respectively) can be found. The degree of inconsistency can be measured by the consistency ratio CR which relates the difference λ max -n to the average difference of random matrices with dimension n. If CR < 0.1, the matrix is considered to be sufficiently consistent.
In this case, a vector of reasonable relative weights is obtained from normalizing the eigenvector connected to the largest eigenvalue.
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Absolute weights W(h) of the elementary attributes h are derived by multiplying all relative weights along the path from the top level objective to h. In this study we are particularly interested in part-worths U(h,j) of the levels j of all attributes h which are computed by U(h,j) = W(h) * u hj .
The total utility of an alternative is then calculated using a linear additive utility aggregation model, i.e. the total utility of a stimulus is computed by summing up the part-worths U(h,j) of the active levels j of all elementary attributes h.
Conceptual Comparison and Applicability of the Methods
Sections 2.1 and 2.2 reveal several similarities and differences between CA and AHP. In order to facilitate a theoretical comparison, we summarize essential features and compare basic assumptions in Table 4 . These theoretical differences are the starting point for our further comparison of the methods. From a theoretical point of view several similarities concerning the goal and general approach of the methods are obvious. Although both methods were developed with a different aim, they can be used in similar research contexts. The AHP and 16 See Saaty (1980) . 17 For a selection problems a complete hierarchy is used, while design problems require an incomplete one. 18 See Green/Srinivasan (1990). The same also applies for newer developments like the Choice Based Conjoint (see Orme (2002) ).
the CA presented here are both based on paired comparisons, although other evaluation tasks are possible for CA.
The CA is a decompositional approach that asks the respondents to evaluate complete stimuli. Therefore the number of stimuli and, hence, the number of attributes and their levels is limited as cognitive resources of the respondents are restricted. As the AHP evaluation task is based on direct paired comparisons of single attributes and attribute-levels, respectively, it is possible to survey more attributes each having a larger number of levels.
AHP and CA use different types of scales. AHP is based on ratio scales while CA applies rankings or ratings of stimuli. This difference in scales causes differences in the evaluation task of the respondents and the estimation of the utilities, but both methods use equivalent utility functions.
The basic assumption of this additive approach is preferential independence of the attribute-levels, i.e. both methods assume that one attribute-level (e.g. the brand of a car) does not influence the preference for an attribute-level of another attribute (e.g. the colour of a car). CA can also handle interactions between attributes to some extend but usually preferential independence is necessary.
Empirical Study
We conducted a study on measuring preferences for mountain bikes based on the attributes and attribute-levels given in Figure 1 .
Research Design
The questionnaire consists of four parts. In part 1 an introduction of the decision problem is given by describing and explaining the attributes and attribute-levels. Part 2 and 3 consist of the AHP and CA questionnaire whereby the order was varied systematically to observe order effects. Finally, the respondents evaluated six randomly selected but realistic alternatives as a reference method in part 4.
The determination of the attributes and attribute-levels is one major issue which influences all results of the methods concerning validity measures. 19 In this study, we have used three methods to acquire the relevant attributes: elicitationtechnique surveying general thoughts, 20 elicitation-technique asking for specific attributes 21 and dual questioning. 22 From the results of these pre-studies we defined the attributes and attribute-levels already described in Figure 1 .
As mentioned in Section 1 a general knowledge about methods for preference measurement and especially about the specific methods in the study might influ- 19 See Gutsche (1995) , Reiners (1996 ), Schweikl (1985 , Cattin/Weinberger (1980) , Voeth (2000) , Tscheulin (1991) . 20 See Krech/Crutchfield (1948) . 21 See Schweikl (1985) . 22 See Myers/Alpert (1968).
ence the results. For this reason, we analysed the effect of asking two different groups of respondents. Advanced students should be familiar with both methods while first year students were never involved in preference measurement, as they just have finished comprehensive secondary school. In the empirical study more than 200 students were engaged. After eliminating all incomplete questionnaires, a sample of n = 187, including 113 first year and 74 advanced students, respondents remained.
Every respondent answers the AHP and the CA questionnaires, but in randomly determined order (111 started with CA, 76 with AHP). This allows us to compare both methods for each respondent individually and to examine order effects.
A general knowledge of the decision problem is a pre-condition when selecting respondents for preference measurement studies. A pre-study among both student groups showed that the decision problem of selecting the individual best mountain bike is suitable.
Results of the Empirical Analysis

Applicability Measures
Several factors such as motivation, information content, cognitive burden and clearness of presentation influence the results of any empirical analysis. These factors determine the practical applicability of a method from a respondent's point of view, e.g. a questionnaire, which is difficult to answer, may lead to less carefully determined trade-offs and therefore to a worse validity of the preferences measured. 23 Furthermore, the time needed to complete the questionnaire affects the results. Longer questionnaires may fatigue the respondents, causing distorted or biased evaluations. Time is also a critical factor to commercial applications of preference measurement as longer survey-times usually cause higher costs.
In order to test the effect of these factors, the respondents are asked to rate the indicators 24 presented in Figure 2 on a nine-point rating-scale immediately after completing the AHP and CA part of the questionnaire, respectively.
AHP is at least slightly preferred for all applicability measures observed as can be seen in Figure 2 which shows the mean values obtained. Highly significant (p < 0,01) differences between AHP and CA were observed for nearly all measures (except information content).
23 See Hartmann/Sattler (2004) . 24 We have used similar indicators as Ernst (2001) The similarity of the results both methods obtain for the indicators on information content is not surprising as AHP and CA assess the same attributes and attributelevels. However, the higher degree of realism for CA by presenting whole stimuli assumed in the literature 25 did not result in significantly higher ratings for CA.
From the respondents' point of view, AHP is easier to answer and the questions are clearer. Furthermore, AHP questionnaires can motivate the respondents more than the CA evaluation tasks. It seems that trade-offs of complete stimuli described simultaneously by several attributes need a higher cognitive effort compared to single ratings on the preference of attributes and attribute-levels, respectively. Although only 18 paired comparisons were used in this CA the perceived cognitive burden is felt to be significantly higher than in case of AHP.
Answering the AHP questionnaire takes significantly less time (the arithmetic mean is 3.26 minutes) compared to CA (4.53 minutes), so AHP surveys more information in a given time span. 
Face Validity
Face validity measures are used to test whether or not plausible a-priori assumptions are fulfilled. In our study, it can be expected that any reasonable respondent prefers a mountain bike with a small weight to one with a greater weight. Furthermore, we assume that full-suspension is preferred to a mountain bike with suspension-fork only and that respondents favour the latter over a bike without suspension. Attributes like "seat" and "colour" can not be verified using face validity measures as no plausible general assumptions about the respondents' preferences can be deduced.
In Table 5 the frequencies of matching the above-mentioned a-priori assumptions within the study are given. The results of both AHP and CA are rather well showing no fundamental difference between them. 
Internal Validity
Internal validity measures refer to the internal information processing within preference measurement methods.
An internal validity measure for rating based CA variants that use the OLS regression is the "Goodness of Fit" (R
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). Reasons for low values are either caused by the misunderstanding of the evaluation task or the inappropriateness of the linear utility function assumed (e.g. in case of interactions between attribute-levels of different attributes). Table 6 shows the values of R 2 for CA. The average R 2 of 0.86 indicates a very satisfactory internal validity of the results. A slight order effect seems to be observable as more highly consistent respondents started with the AHP questionnaire, but none of these differences between the assessed groups are significant. We also found no significant differences for R 2 concerning the student groups although obviously more highly consistent respondents are advanced students.
Several measures are applicable to test the internal validity of AHP ( • Saaty (1980) also proposes another procedure to test the overall consistency of the hierarchy by defining a Consistency Ratio of the Hierarchy (CRH). CRH is computed as the weighted average of the Consistency Indices (CI) of all comparison matrices defined by (λ max -n)/(n-1) divided by the weighted average values of the CI of the corresponding random matrices.
• Both CR and CRH are difficult to interpret and only show that the evaluations in the comparison matrices are not of random nature. Scholl et al. (2003) thus propose a Geometric Consistency Index (GI). This measure is directly related to the consistency condition of AHP as described in Section 2.2. For each subset of three attributes or attribute-levels {j,i,k} the GI is defined as the ratio:
A value of g jik = 1 denotes perfect consistency for the triplet considered. To compute the GI value of a comparison matrix and the overall value for the complete hierarchy as well, the geometric average is used as an aggregation mechanism which is justified due to the underlying ratio scale. To define classes of high and medium/low consistency as well as inconsistency based on the GI value of the hierarchy, we use the same thresholds as Scholl et al. (2003) .
Considering Table 7 , we find relatively low values for all measures of internal validity of AHP. In particular, the condition CRH ≤ 0.1 defined by Saaty (1980) identifies only 3.7% of the sample as being sufficiently consistent. Compared to the other measures this condition seems to be too demanding.
These low values on the consistency of the complete hierarchy are mainly caused by highly inconsistent comparison matrices for the attribute "suspension" and for the overall goal "individual best mountain bike" (comparing the elementary attributes). This may have several reasons: (1) The attribute "suspension" is judged as an important goal by most respondents such that it has a large weight thus influencing the overall consistency index CRH considerably. (2) Small inconsistencies cannot be compensated within the matrix when observing only few attributes and attribute-levels, respectively. (3) The scale of Saaty (1980) used has only integral levels such that some type of rounding causing inconsistencies has to be performed in case of intermediate judgements.
27 See Scholl et al. (2003) . 28 The computation of CR is described in Section 2.2. A slight order effect can be recognized, because respondents first having answered the CA questionnaire and, hence, having dealt with the problem before show a higher level of consistency (ignoring CRH which considers only very few extreme cases) in case of AHP.
Significant differences between advanced students and first year students could not be found. Together with the findings for the internal validity, face validity and the applicability measures (Sections 3.2.1, 3.2.2 and 3.2.3) this clearly indicates that both groups -advanced students and first year students -understood the basic requirements of AHP and CA.
Predictive Validity
Predictive validity refers to a method's ability to predict real choices. We arise information on predictive validity using a reference method that attempts to reproduce real choice decisions. In this study we ask the respondents to distribute choice likelihoods to six alternatives that represent randomly selected existing products in the observed market-segment. These choice likelihoods are interpreted as a surrogate of preferences. The metric data is then transformed into a rank-order, which is compared to the results of AHP or CA (on an individual basis). Alternatives with the same buying-likelihood are placed on the same rank.
To test both methods, we apply several hit-rates (HR) and Spearman's coefficient of rank correlation (RC). In a further step, we verify the influence of internal consistency on the predictive validity of a method.
Taking the ranking given by the reference method, the predictive validity may be judged on the basis of several HR values computed on the whole (sub)sample of respondents interviewed:
• First-choice hit-rate (HR1): frequency with which the method (CA or AHP) results in the same first-ranked mountain bike as the reference method • First-second-choice hit-rate (HR12): frequency of getting the same first-and second-ranked mountain bikes as the reference method • First-second-third hit-rate (HR123): frequency of getting the first-, second-and third-ranked mountain bikes as the reference method • First-two hit-rate (HR{12}) (First-two-three hit-rate (HR{123})): frequency of having the best mountain bike of the reference method in the first two (first three) estimated ranks
The hit-rates (in particular HR1) can be interpreted as indicators for the power of predicting the real choice, because they consider the cases where the actually chosen alternative (reference method) is preferred most (HR1) or is among the most preferred alternatives (other HR values) within the preference model of AHP and CA, respectively. In any case, a satisfactory predictive validity depends on high values of the different HR. Table 8 shows the hit-rates the methods obtain for the complete sample and the different sub-samples. Concerning the prediction of real choice, CA seems to be a robust method as neither relevant order effects nor relevant differences between advanced students and first year students could be observed. But for AHP we find a positive order effect as the hit-rates (except HR {123}) are higher when respondents first answered CA and then AHP. Furthermore, advanced students show higher values for HR1 and HR12 compared to first year students. That is, being familiar with the problem and the preference measurement method is helpful in giving precise preference statements within AHP. In contrast to the hit-rates, Spearman's coefficient of rank correlation (RC) refers to the complete ranking estimated by CA and AHP in relation to the ranking derived by the reference method. 29 The RC is a nonparametric distribution-free test 29 We used the same procedure as described in Helm et al. (2004) that measures the strength of the monotonic associations between the estimated ranks from CA and AHP, respectively, and the ranks from the reference method.
To aggregate the individual RC values, they must be z-transformed before the arithmetic mean is computed. Cases with RC = 1 cannot be z-transformed and thus are not be considered in the average values. Finally, the resulting average correlation is obtained by a z-retransformation. Table 9 shows the distribution of the RC values for both methods and the subsamples as well as the average RC. When considering values of RC > 0.7 to indicate sufficient correlation between the reference method and the observed method, then Table 9 reveals that both methods have an acceptable predictive power in most cases with CA having the higher level of fitting the reference ranking (average RC of 0.85 for CA and 0.76 for AHP).
Order effects seem not to have a major impact on the estimated ranking for both methods as the average RC is only slightly lower for the method applied first.
In opposite to the finding for the hit-rates above, we now observe that also in case of CA the better performance is obtained when asking advanced students. While hit-rates intend to predict the real choice of a respondent and thus only require to identify the best alternative (or a set of best alternatives), RC measures the preciseness in specifying the preferences as a whole. Though we have found CA to be rather robust, it is therefore obvious that advanced students give more precise and correct preference statements thus improving the preference measurement in case of both methods.
Next we test the effect of different consistency classes on the predictive validity based on R 2 and GI, respectively (see Table 10 and Table 11 ).
For CA we find a positive correlation between the level of consistency and the predictive validity. Given a certain minimum level of consistency (say R 2 > 0.7), the power of predicting the real choice is very acceptable. Below this level, the performance is insufficient.
For AHP we also identify a positive correlation which is even more obvious. While the most consistent respondents with GI > 0.45 have remarkably high hit-rates (in more than 90% of the cases the "real choice" is identified correctly), the group of respondents with medium/low consistency (GI ∈ [0.25,0.45)) gets significantly worse hit-rates. Examining the group of considerably inconsistent respondents (GI < 0.25) shows a further remarkable reduction in predictive power. Taking a look at Table 11 , these findings are confirmed. For both methods, the predictive validity declines when the level of consistency is reduced. As a difference between them, we observe that AHP is more sensitive to small reductions in the level of consistency while CA is more robust confirming the findings given in the interpretation of Table 8 . In this research context of designing the individually preferred mountain bike we can confirm that both methods seem to be applicable when aiming at predicting choice, although CA may have a slight advantage.
Convergent validity
High convergent validity can be stated when two or more methods, observing the same problem, come to comparable results. RC can now be applied to test convergence of AHP and CA by comparing the rankings they get for the six real alterna-tives considered above. We further analyse a set of eight hypothetical alternatives, constructed by systematically altering the attribute-levels. The middle part of Table 12 shows the distribution of RC values when comparing the rankings estimated by CA and AHP for the six real alternatives already determined in the reference method. The results show a high average convergence of the methods. The average RC is even higher in case the respondents start with the CA questionnaire. This confirms the order effects already recognized in the preceding sections. No relevant differences between first year and advanced students were observed.
In order to get a more systematic evaluation, we design the previously mentioned set of eight hypothetical alternatives by setting the basic alternative that only consists of the basic attribute-levels (see Section 2.1.2) as a reference point. We then define eight alternatives by lifting one attribute-level to a non-basic degree leaving the other attributes on their basic levels at a time. The total utility of these eight constructed alternatives is computed and then ranked. We compare the rankings of both methods using RC (see right-hand column of Table 12 ). We again observe a high convergence between the two methods as about 70% of the rankings show higher RC values than 0.7.
Comparison with Former Research and Discussion
In order to allow an objective comparison of all studies on AHP and CA performed so far and to draw conclusions from the results, we first describe the observed decision problems and methods applied as shown in Table 13 .
Concluding from former research, the following aspects may influence the quality of the results of AHP and CA as methods for measuring preferences:
• knowledge of the methods
• complexity (number of attributes and their levels)
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• order effects
• level of consistency 30 See Mulye (1998). To reveal influences caused by these aspects, a look on the detailed results for the different validity measures has to be taken. As both methods have the main objective of providing information to predict the decisions of consumers, we mainly focus on the analysis of the predictive validity (cf. Section 3.2.4).
The study of Tscheulin (1991 Tscheulin ( , 1992 ) reveals a superiority of CA compared to AHP. Mulye (1998) could not support these findings. Within Mulye's first study, no relevant differences in predictive validity were found between CA and AHP and within the second study, AHP outperformed CA. By Helm et al. (2004) , better results for AHP were observed concerning all validity measures considered. Table 14 gives an overview of the effects caused by knowledge and complexity that have been found in any study including the study presented here. (1991, 1992) in opposite asked non-academic respondents. Because all former studies state different results concerning the performance of one or the other method these findings may support the assumption that the knowledge of the preference measurement methods influences the validity of the results.
In this new study on mountain bikes, we therefore examined two groups differing in their knowledge on preference measurement. For both methods, the predictive validity obtained for the advanced students was actually better than that of the first year students. However, CA seems to be more robust towards the knowledge of the methods. This is confirmed by the findings of Tscheulin (1991 Tscheulin ( , 1992 that CA is the better choice for uninformed respondents but AHP gets favourable results when only those respondents were considered which understood the AHP evaluation task.
The lack of robustness observed for AHP (and even CA) might be reduced by carefully explaining some relevant methodical aspects of AHP to the respondents prior to the interview. This may be done by means of some "warm-up" evaluation task based on easy and common decision problems as also recommended by Tscheulin (1991 Tscheulin ( , 1992 .
As already stated above, the former studies comparing AHP and CA differ with respect to the complexity of the decision problems. Tscheulin (1991, 1992) uses four attributes with three levels and one attribute with four levels to describe his ship travel (cruise) decision problem. In the first study of Mulye (1998) on a running shoe, the decision problem includes two attributes with three and two attributes with four attribute-levels, while the second study is based on eight attributes each having three levels. Within the study of Helm et al. (2004) five attributes with three levels and one attribute with two levels specify the university design problem. Concerning the limitations of applying CA, the decision problems of the second study of Mulye (1998) and that of Helm et al. (2004) can be characterized as being relatively complex, while the remaining ones are classified as being relatively simple. 32 In both studies, AHP leads to better results than CA.
In this new study, we consider a relatively simple problem with four attributes each described by three attribute-levels. Due to finding some obvious advantages for CA, we conclude -in concordance with the other studies -that CA is favourable in simple research contexts while AHP has advantages in more complex decision tasks. As most commercial preference measurement studies are based on more than six attributes 33 AHP seems to be a very promising alternative to CA in many cases.
Concerning order effects no definite conclusion can be drawn. Mulye (1998) states that CA leads to better results when being applied after AHP. Helm et al. (2004) find opposite results presumably caused by the complexity of the decision problem. But even in our new study, based on a rather simple decision problem, slight order effects for some predictive validity measures leading to better results for AHP 32 The problem complexity is judged from a CA point of view based on the findings of Green/Srinivasan (1990 when starting with CA can be observed. In any case it seems to be advantageous to explain the decision problem and the evaluation task to the respondents preliminary to a preference measurement method by some type of "warm-up" exercise (see above).
Concerning the level of consistency achieved when applying CA or AHP, it is obvious that a low level is disadvantageous with respect to the quality of the preference measurement (cf. Table 10 and Table 11 ). With respect to the robustness towards different consistency levels, the findings are not unique. While Helm et al. (2004) identified AHP to be more robust than CA, the present study shows the opposite. Here, we find that CA is more robust and requires a lower minimum level of consistency than AHP thereby defining more respondents to be sufficiently consistent. An explanation of this difference is not obvious but it again might result from the different complexities of the decision problems considered, because inconsistencies in CA evaluations have a more direct effect on the overall results than (local) inconsistencies in AHP evaluation tasks which are restricted to single attributes. This effect becomes the more relevant the more complex the considered problem is.
In any case, it is desirable to reduce the level of inconsistency in order to obtain better results. Commercial software including AHP as a preference measurement method such as "ExpertChoice" (see www.expertchoice.com) already tests the consistency of the respondents' answers during the evaluation process and asks them to rework the ratings if too large inconsistencies occur. The use of professional software instead of paper-and-pencil questionnaires can therefore help reducing the problems caused by inconsistent respondents.
Summary, Conclusion and Future Research
Conjoint analysis (CA) is one of the most popular multivariate methods in marketing 34 and dominates preference measurement since many years. 35 Although the analytic hierarchy process (AHP) is a common method in decision analysis, only few studies examine it as a method of preference measurement in marketing. In this paper, we first compare both methods on a theoretical basis, then test the validity and applicability of CA and AHP in a comparative study and finally comprise the results of this new study and former research in order to give a practical recommendation on the selection of the methods.
CA asks for preferences on complete alternatives whereas AHP requires direct comparisons of single attributes and attribute-levels, respectively. Both methods can be used for design problems as done in this empirical study.
As a main result, which is supported by all studies considered, we find CA to be the better choice in relatively simple decision problems when uninformed respondents have to be interviewed. dents with prior knowledge in preference measurement, AHP seems to be the better method.
Concerning the practical applicability, AHP has some potential advantages, because it requires less time to complete the questionnaires and achieves a higher level of respondent satisfaction.
As a further important result, we state that both methods require a certain level of consistency in the respondents' answers with CA being more robust for simple and AHP being more robust in complex situations. In any case, some type of "warm-up" task before starting the evaluation should have a positive effect.
These findings might influence the future commercial preference measurement practice as 65% of all CA studies involve more than six attributes such that most decision problems have to be classified as being rather complex. 36 This indicates that marketing practice urgently needs methods that can handle many attributes. Many newly developed CA variants failed in marketing practice, because no commercial software was available. 37 Currently Skim Software offering the ACA 38 and the CBC 39 is dominating the market for commercial preference measurement software. 40 With the introduction of a professional software for web-based AHP questionnaires by ExpertChoice, a new alternative for preference measurement in marketing is available which at least seems to be competitive to modern CA variants.
Future research on the comparison of CA and AHP should analyse the effect of different kinds of "warm-up" tasks to improve the results of AHP and CA, respectively. Further studies are needed to measure a possible influence by different variants of CA and AHP, respectively. Also computer-based questionnaires could have a major influence on the validity of the results and should be included in future studies.
36 See Hartmann/Sattler (2002) . 37 For example see Voeth (2000) . 38 The Adaptive Conjoint Analysis (ACA) is a hybrid method starting with a self-explicated approach followed by a graded-paired CA. 39 Within the Choice Based Conjoint Analysis (CBC) respondents choose between a sub-sample of alternatives. 40 Both methods claim to be able to handle many attributes but as discussed in Voeth (2000) this is done despite the fact that the individual data cannot be aggregated over the respondents from a theoretical point of view.
